Abstract. We examined the use of soil quality (SQ) assessment to predict soil productivity and stability as a component of site potential for rangelands. Two minimum sets of data were compared for the SQ assessment within an area of relatively uniform climate. Data set 1 consisted of total soil N, topsoil depth, effective profile depth (EPD), and grade of structure, thus incorporating only soil chemical and physical properties. Data set 2 included exchangeable soil potassium, EPD, soil water retention capacity at wilting point, a soil slake test, and a nutrient cycling index. The interrelationships between soil properties and plant growth characteristics (i.e. total and herbage yield) were investigated and interpreted by statistical analysis and expert knowledge. By performing multiple regressions for each data set against the plant growth characteristics, we identified the contribution of each data set variable to the variability in plant characteristics and, thus, the predictive potential of each variable and data set. Within data set 1, EPD was important and in data set 2 the nutrient cycling index, which is a landscape function index derived from soil surface attributes, played the most important role in predicting potential. Principal component analysis was used to provide weighting factors for each indicator. We then transformed and combined observed indicator values for each data set using weighting factors and scoring functions into an additive soil quality index (SQI) varying in value from 0 to 1. The SQIs, with values greater than 0.8, provide optimum conditions for high yield.
I N T RO D U C T I O N
S oil quality integrates the physical, chemical and biological components of soil and their interactions (Doran & Parkin 1994; Karlen et al. 2001) , and is assessed in terms of the ability of soil to perform those soil functions that are necessary to meet the goals of the particular land use. For rangelands, these goals include plant growth (quantity and quality) and community composition to support grazing animals. Science-based indices of soil quality (SQIs), including inherent and sometimes dynamic properties, provide the necessary integration of information for land managers to make informed decisions about complex issues such as site potential assessment and agroecosystem management (Andrews & Carroll 2001; Rezaei 2003) . The reference values indicators and measurement techniques used to assess soil quality (Andrews et al. 2002b; Arshad & Martin 2002) should be appropriate for the specific landuse and scale of interest (both spatial and temporal) and, in the case of rangeland, for each plant community. Doran & Parkin (1994) proposed two different approaches for establishing reference criteria: (1) conditions of the native soil with highest function; and (2) conditions that maximize production and environmental performance. Leininger et al. (1999) in the southwest USA used a multiattribute decision-support system to evaluate rangeland health. In this semiquantitative approach, they employed a rating indicator system based on choosing a description that most closely agreed with visual observation in the sample area for 17 different attributes of three ecological categories including soil quality, watershed and hydrologic cycling, and soil and plant community integrity. Brejda et al. (2000a) identified regional soil quality indicators in the USA by using factor and discriminant analyses to identify the five soil indicators that were most sensitive to land use. Wander & Bollero (1999) used principal component analysis to assess changes in soil condition as a result of management at the farm scale in the midwest USA. Wander et al. (2002) suggested the use of these soil properties and a maximum production procedure to assess multiple outcome criteria such as crop quality and quantity, input use efficiency, carbon accrual and water quality.
Our main objectives for this research were to improve capability assessment and monitoring for extensively grazed, semiarid rangelands by:
(1) demonstrating a technique for scoring predictive indicators of soil quality for two data sets proposed by Rezaei (2003) ; (2) comparing the use of the data sets employing reference values or interpretation criteria to explain variation in rangeland plant communities; and (3) designing predictive models for the relationships between soil properties, landscape attributes and plant growth characteristics. The rangeland soil evaluation scheme also had to be simple to apply and to have a straightforward, consistent design. We tested the hypothesis that two previously selected data sets could be used for soil quality assessment and then rangeland potential assessment in a semiarid rangeland in Iran by using a soil quality index.
M E T H O D O LO G Y

Site description
The data were collected from three vegetation types within the Lar aquifer, between 35 84 0 36 00 and 35 848 0 40 00 N and 51 832 0 and 52 84 0 E, 78 km north of Tehran. The climate is semiarid with mean monthly temperatures ranging from 2 6.5 8C in January to 18.4 8C in July (Iranian Meteorological Organization 2001). The annual mean precipitation is 496 mm, most of which falls during winter and spring (November -May). Altitude ranges between 2500 m (Lar Dam) and 3950 m. The general landscape of the study area is mostly steeply mountainous terrain dissected by valleys (Figure 1 ). Based on US soil taxonomy classification, the study area is classified into different great groups of Lithic and Typic Xerorthents, Typic Haploxerepts, Haploxeralfs, and Fluvaquents (USDA-NRCS 1998). In the study area three major plant community types (herb, shrub-grass, and grass) consisting of 15 different vegetation types were identified; three of which: Bromus tomentellus -Astragalus adscendens (type I); Bromus tomentellus -Onobrychis cornuta (type II); and Agropyron repense -Chaerophyllum macrospermum -Ferula galbaniflua (type III) were chosen for this research. Each vegetation type is located on different geological material. Type 1 vegetation occurs on shale, sandstone and limestone with subordinate sandstone; type II on predominantly thick-bedded green tuff, tuffaceous shale, marl, and conglomerate; while type III is found where thickbedded limestone is prevalent (Vahdati Daneshmand 1997) .
Soil sampling and laboratory analyses
Samples were taken from a total of 234 transects within stratified land units. Each transect was oriented parallel to the general slope in the middle of each land unit. Soil samples (0 -10 cm) for chemical analyses were collected from within four plots of 0.5 m 2 , which were located at 6, 12, 18, and 24 m along a 30 m transect. The fine fraction (, 2 mm) was weighed and retained for chemical analysis. Total nitrogen was measured using the Kjeldahl method (Bremner & Mulvaney 1982) , exchangeable potassium by neutral 1 M ammonium acetate extraction (Knudsen et al. 1982) . To determine soil physical characteristics a pit was dug to 150 cm or less if bedrock was encountered, at the mid-point of each transect. Profiles were described following the procedure in the Australian Soil and Land Survey Field Handbook (Gunn & Aldrick 1988) . The profile was used to determine soil water retention, effective profile depth (Rezaei 2003) , susceptibility to slaking (Tongway 1995) , and soil structure was described (Gunn & Aldrick 1988) . Coarse fragment content was determined during soil profile description and in the laboratory. The topsoil was defined as extending from the surface to the top of the B horizon, including the A and AB horizons (or A and E horizons) (Benny & Stephens 1985) . Effective topsoil depth and effective profile depth are the topsoil and profile depth excluding the coarse fragment content (. 2 mm) (Rezaei 2003) . Coarse fragment density, required to determine bulk density in gravelly soil and to convert the mass data into volumetric data, was determined by water immersion using coarse fragments from representative samples collected from each geological sub-area (Rezaei 2003) . Particle size analysis was by the hydrometer method. Bulk density, determined by the method of Saxton et al. (1986) , was used to convert the mass data into volumetric data. Volumetric water retention capacities were calculated for matric pressures of 15 bar. We used pedo-transfer functions to predict soil water retention capacity from particle size distribution, organic matter and soil structure, as previously described for this study area by Rezaei (2003) . The Landscape Function Analysis method (Tongway & Hindley 1995) was employed to derive values for the slake test, and the nutrient cycling index from different combinations of the individual soil surface features: soil cover, litter cover, cryptogam cover and microtopography.
Plant sampling and measurement
We used the current year production (total yield dry matter) of above-ground biomass as an indicator of productivity of a soil -landscape system. The above-ground biomass was determined by cutting grasses and forbs to ground level in four plots of 0.5 m 2 along each 30 m transect. An estimate of the spiny plants was made and calibrated by a double sampling method (Bonham 1989) . The estimated spiny plant production was subtracted from total dry matter yield to calculate herbaceous plant production (herbage yield).
Estimation of soil quality index
The soil quality index was estimated by a three-step method modified from and Brejda (2000a) . Step I: data generation and selection of the data set. We required a data set that would describe three basic soil functions necessary for rangeland grazing: . providing sufficient nutrients (chemical fertility) . providing sufficient water and solute flow to sustain plant communities (water retention), and . providing resistance and resilience to physical degradation (physical stability). The suite of properties in the data sets proposed by Rezaei (2003) were used (Table 1) . Data set 1 incorporates soil chemical and physical properties for use when time and finance are limited. Data set 2 combines soil properties and landscape function indices for use when time and finance permit site potential assessment. Although, in practice, other factors such as plant composition, plant palatability, forage quality, and the species of grazing animals must also be included, this was beyond the objectives of the research reported here.
The data set components selected emphasize both productivity and sustainability of rangeland soils (dynamic soil quality) and rangeland capability assessment (inherent soil quality) as determined by Rezaei (2003) . Total nitrogen, exchangeable potassium, and the nutrient cycling index imply nutrient availability for plant growth. Topsoil and effective profile depth (EPD) denote both water availability and nutrient resources. Water retention capacity indicates available water, and grade of structure and the slake test show soil resistance to erosion.
Step II -Scoring function and weighting factor for the data set indicators. The development of soil quality criteria for a variety of rangelands in semiarid areas with high plant diversity is complicated. An integrated procedure was derived from methods developed by and Andrews et al. (2002b) . On the basis of both literature and the observed interactions between data set indicators and plant response variables, one of three following scenarios was assumed for ranking each indicator (Karlen & Stott 1994) (i) ascending function (more is better), (ii) descending function (less is better), or (iii) mid-point optimum function ( Figure 2 ). The method for scoring the components of the data sets and construction of the soil quality index (SQI) for native rangelands aimed to achieve the criterion of Doran & Parkin (1994) , viz. to determine 'conditions that maximize production and environmental performance'.
After eliminating outliers, observed indicator values were transformed or 'scored' to unitless 0 to 1 values, with 1 given for the maximum potential ) and the optimum performance of the associated soil function(s) (Andrews et al. 2002b ) for a particular indicator ( Table 2 ). The expected ranges for indicator scoring functions were based on observed values in the study area. It was assumed that a general relationship would exist between a given indicator and soil function and, in turn, between soil function and plant growth characteristics measured as dry matter (DM), such as total yield and herbaceous plant production. It was assumed that the highest values of each chosen indicator of the data set in the study area would represent optimum soil performance and define the maximum capacity of the soil to function favourably to support native rangelands in this semiarid area of Iran. Interpretation was in relation to DM production, including total yield and production of herbaceous plant as dependent variables (Table 2) .
Next, principal components analysis (PCA) was performed for each data set (Table 3 ) (Dunteman 1989) . The PCA decomposition properties, indicator loading factors and the percentage of variability explained by each eigenvector (l i ), were combined and used as weighting factors for the scored indicators. The normality of distribution of the data for the scoring system was controlled for each component of the data sets using a univariate procedure before transforming the raw data and performing PCA (Table 4 ). The resultant indicator weighting factors are shown for each data set in Table 5 .
Step III -Calculating the soil quality index. We incorporated scores and weighting factors for each indicator within each data set and then summed the products into an integrative index of soil quality (SQI) for rangelands (equation 1) (Andrews et al. 2002b) :
where r i is a weighting factor for each indicator that is derived from a PCA for the ascribed indicator (Table 5) , and S i is the score for each indicator based on bivariate relationships between soil properties and plant growth characteristics (Table 2 ) (Andrews et al. 2002b) .
R E S U LT S A N D D I S C U S S I O N
Scoring the data sets We found that for some variables, non-linear scoring curves described the system function better than linearly scored variables ( Figure 2 ). This is consistent with similar observations by Andrews et al. (2002a,b) . The linear scoring Table 2 ).
The results of the linear and, to some extent, non-linear scoring methods were highly dependent on the observed range for each indicator. Table 2 represents predictive models and scoring functions for the components of the two data sets. Based on the observed data, the nutrient a Function Y is yield and x i is an ascribed indicator or variable value; y i is total yield or yield of herbaceous plants (herbage), S is score from 0 -1 based on measured values for x i , and WP is wilting point.
cycling index described an ascending linear function for both total yield and the herbage yield in the study area ( Figure 2a ). Vegetation type III with a herbaceous plant composition comprising more than 70% vegetation cover (dominated by Agropyron repens, Chaerophyllum macrospermum and Ferula galbaniflua) produced a high value for the nutrient cycling index. The nutrient cycling index showed a good relationship with this type of rangeland (Rezaei 2003) . However, vegetation types with the same canopy cover but dominated by other plant species (e.g. Onobrychis cornuta (cushion spiny plant), not eaten by livestock, can provide a greater nutrient cycling index than that of a high quality pasture with a grass and herb plant composition, even though the plant quality in the rangeland is poor. Therefore, the nutrient cycling index is not meaningful unless forage quality is also assessed. Total nitrogen in topsoil was related via ascending functions to both total and herbage yield in the study area (Table 2 & Figure 2b) . Similarly, the relationship of exchangeable K with plant production was described by an ascending linear function (Figure 2c ). Although Gourley (1999) and Seybold et al. (1998) reported values of 200 -300 mg kg 21 of available K in topsoil as critical values for some plants, in our study total yield did not plateau or decline where available potassium values were much larger. The highest values of available potassium and total nitrogen in soils within the study area were 923 mg kg 21 and 0.59%, respectively, and those values were used as the normalizing values, with a score of 1 giving the highest predictions in the fitted models.
For indicators relating to soil water retention capacityincluding water retention capacity at wilting point, topsoil, and effective profile depth -ascending non-linear functions with no optimum point were fitted (Figure 2d-f) . Therefore, for these indicators the highest predicted values correspond to the highest observed value. The best fitting model for grade of structure was an ascending linear function. A polynomial second order function was the most predictive for slake test classes (Figure 2g, h) . Because the score of each indicator is ranked based on predicted yield performance derived from the bivariate model in Table 2 , the coefficient of determination (R 2 ) is equal to 1 (Figure 2g, h ).
Weighting the data set components
The proportional elements of the related latent vector that are given in Table 3 were used for the data sets 1 and 2. Since there are four variables in data set 1 and five variables in data set 2, it was possible to extract four and five principal components (PCs), respectively. Because the vector of variables, x i , can be expressed as a linear combination of the principal components, the absolute value of the elements (factor loadings) (l 1i , l 2i , l 3i , l 4i , . . .) for each variable in each principal component directly reflects the importance of the components in explaining variation in the original data set (Dunteman 1989 ). To determine how many principal components should be taken into account for approximating x i , several PCs were considered using criteria established by different researchers. Andrews & Carroll (2001) and Wander & Bollero (1999) examined only the PCs that explained at least 5% of the variation in the data up to 85% of the cumulative variation. Andrews et al. (2002a) and Brejda et al. (2000b) used eigenvalues . 1 to interpret and approximate the optimum x i . The first and the second PC is the smallest number of PCs that should be taken into account to identify weighting factors. The reason for this is that the first PC is orthogonal to the second PC and indeed all other PCs (Dunteman 1989 ). The present work examined one, two, three, four, and five PCs and found that the number that should be taken into consideration to approximate the vector of variables is to a large extent dependent on the size of elements within the PCs or latent vectors. We found for the PCs that each explained at least 10% of the variation in the data and up to 85% of the cumulative variation gave a reliable approximation of x i . Therefore, to approximate x i (the vector of variables which comprise linear combinations in the principal components), for data set 1 and data set 2 the criterion was reached by selecting the first three PCs -cumulative explaining at least 90% of the variation.
The latent vector values (l i ) are products of PCA (Table  3 ). The first three PCs (latent vectors), arrayed as columns, were retained as having latent roots . 10% for data set 1. In order to approximate the proportion of each variable, x i , the individual percentage variance explained by each PC was first divided by the cumulative variance for the first three retained PCs in Table 4 to provide weighing factors for each PC ( f i ) for the components of the data sets 1 and 2. Next, the size of the elements (l 1i , l 2i , l 3i , l 4i , . . .) was multiplied by the corresponding weighting factor ( f i ). Finally, the corresponding products for each variable were added together to produce the additive approximate contribution for each variable (vector of variables) ( Table 5 ). Because the site dependent values are scaled from 0 -1, the vector of variables was scaled from 0 -1 to produce weighing factors for each indicator within data sets 1 and 2 (Table 5) . As an example, the procedure to calculate the weighting factor for nitrogen for data set 1 was as follows: the individual percentage variance for the first PC, (l 1 ¼ 67.6%), was divided by 92.3%, the cumulative percentage of variation explained by all the retained PCs (Table 3) , to yield the weighing factor ( f 1 ), 0.73, (Table 4) . To obtain the proportion of the variable vector for the first PC for an individual indicator under that PC, in this case %N, the latent vector value was multiplied by the weighing factor (l 1 £ f 1 ¼ 0.34) ( Table 5 ). This process was carried out for each PC. The sum of these three products approximates (PCs) to the variable vector for %N (x 1 ¼ 0.45) ( Table 5) . Because this variable vector should be scaled from 0 -1, it was divided by the sum of the variable vectors, 1.47, to provide a standardized vector score or weighting factor for %N (r 1 ¼ 0.31), which is an approximation to the contribution of %N to explaining total variation among the dependent variables regardless of its relationship with dependent variables such as total yield and herbage production (Table 5) . Simply by comparing weighting factors for variables, one cannot identify which variable is the most important. To be able to judge the effectiveness of each component of a data set, the absolute product of weighting factor (r i ) and score value (S i ) for a specific variable is necessary (r I £ S i ).
Developing the soil quality index The soil quality index for Land Units was calculated using equation (1). The functions for yield prediction were determined by plotting measured yield production (y) against the index values (x). The index provides a better interpretation of the system (soil condition) than can a single variable (Figure 2 ). The percentage of variance explained by the regression of SQIs with plant yield produced R 2 values of 0.72 and 0.77 for total yield (TY) for data sets 1 and 2, respectively. The R 2 values for the regression of SQIs against herbage were 0.82 for data set 1 and 0.85 for data set 2 (Figure 3) . The results of this research imply that for soil quality assessment and monitoring purposes, the use of inherent properties such as effective profile depth and water retention capacity together with dynamic indicators such as nutrient cycling index and slake test gives a better understanding of the system. The small but consistently higher correlations between yield and SQI using data set 2 indicators rather than data set 1 suggests that data set 2 may be more suitable for rangeland assessment in this semiarid system. This priority for data set 2 was driven by the nutrient cycling index. However, when less accuracy in rangeland potential assessment is acceptable, data set 1 may be used as a surrogate for data set 2. By plotting total yield and herbage yield against SQI, it was demonstrated that SQI values provide good prediction of these plant community characteristics ( Figure 3 ). As Figure 3 shows, the identified soil quality index is more sensitive to herbage production than to total yield (Figure 4 ). This may be because total yield estimates include the production of shrubs and cushion plants with deeper root systems, whereas the herbaceous plant roots were solely within the soil depth that was sampled for the index.
Validation
To identify whether or not this model is reliable we tested it by using a small two-year data set obtained from the Hanna station and Pashmakan mountain in the Semirom area of Iran located about 800 km south of the study area. The reference area is a semiarid rangeland with an annual rainfall ranging from 316 mm at the Hanna station to 500 mm on the Pashmakan mountain. The dominant species at Hanna are Erotia ceratoiedea and Stipa barbata, and on the mountain Astragalus spp. (spiny shrubby types) and Bromus tomentellus are dominant. Predicted means of total yield derived from SQI and observed data were compared by fitting the predictive curve and calculating R 2 and Student's t at a ¼ 0.05 (two sample paired t-test). More than 70% of the variation in yield production was explained by the soil quality index ( Figure 5 ). Although the soil quality index developed with the same soil indicators as used in the reference area was reliable, it was less predictable.
C O N C LU S I O N S
The most predictive model was that for herbage production, which explained 85% of variation, followed by the model for total yield, which explained 77% of variation, both using data set 2. The major factors associated with variation in total plant yield and herbage production were the nutrient cycling index and effective profile depth.
The method described has been designed for assessing potential of rangelands in alpine semiarid areas of Iran which have similar plant communities and climates. We expect the factors that are significant in our area will explain most of the variation in similar areas in other parts of the world. However, application of the approach to areas with different plant communities, climates and soil would require both an adjustment to the data sets and scoring of soil quality indicators and site-specific factors. 
